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Abstract: Differential replication is a method to adapt existing machine learning solutions to the
demands of highly regulated environments by reusing knowledge from one generation to the next.
Copying is a technique that allows differential replication by projecting a given classifier onto a
new hypothesis space, in circumstances where access to both the original solution and its training
data is limited. The resulting model replicates the original decision behavior while displaying new
features and characteristics. In this paper, we apply this approach to a use case in the context of credit
scoring. We use a private residential mortgage default dataset. We show that differential replication
through copying can be exploited to adapt a given solution to the changing demands of a constrained
environment such as that of the financial market. In particular, we show how copying can be used to
replicate the decision behavior not only of a model, but also of a full pipeline. As a result, we can
ensure the decomposability of the attributes used to provide explanations for credit scoring models
and reduce the time-to-market delivery of these solutions.
Keywords: differential replication; environmental adaptation; copying; credit scoring
1. Introduction
In most real-life company deployment scenarios, machine learning models are only a
small part of the larger structure entailed by a machine learning system [1]. This structure
accounts for all the elements that interact with a model throughout its lifespan. A model’s
context includes everything from the data and its sources to the deployment infrastructure,
the governance protocol or the more general regulatory framework. This context includes
dimensions which are both internal and external to the organization and which are mostly
out of our control [2,3]. More worryingly, these are all dimensions that refer to constraints
prone to change in time [4].
Privacy restrictions may limit the usability of the data or the models themselves [5–7].
A modification in the regulatory framework may require models to be
self-explanatory [8–10] or fair with respect to sensitive data attributes [11–13]. A com-
pany’s production environment may change, requiring the whole production pipeline to be
updated in order to deliver certain solutions to the market [3]. Such changes in a machine
learning model’s environment introduce new constraints that may render the previous set
of feasible solutions obsolete and require the model to adapt these circumstances.
This problem has been defined as environmental adaptation [14] and refers to situa-
tions where the learning task remains the same, but the environmental conditions change.
Contrary to what one may think, changes in the environmental conditions of a model
happen with a relatively high frequency and may arise from a change in the technological
infrastructure, the business needs, the existing legislation, etc. The new environmental
conditions can be formally defined as a set of new constraints. As a result of these con-
straints, the existing solution is left out of the new feasible set. The adaptation problem
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consists of finding a new solution that solves the given task, while satisfying the new
constraints. In this context, differential replication has been proposed as a technique to reuse
the knowledge acquired by the deployed models to train more suitable future generations
by projecting the existing solutions onto the new feasible sets. Depending on the con-
sidered level of knowledge, there exist different inheritance mechanisms that implement
differential replication in practice. In this paper, we are interested in using inheritance by
copying [15]. In particular, we discuss differential replication through copying in the context
of non-client credit risk scoring.
A growing trend in credit risk scoring is to increase model sophistication, in the
hope that models can learn ever more complex problems with a high degree of accuracy.
This has led to the proliferation of so-called “black-box” systems, which fail to provide a
comprehensible account of how they reach their conclusions. Even while such systems may
yield good performance, they generally do so at the cost of simplicity and understandability.
This is a situation that stands in contrast to the growing demand for transparency and
accountability of automated processing models [8,9]. More so in the financial industry,
a sector that is highly regulated and where loan issuers are required by law to explain the
credit models used to approve or to decline loan applications. In this paper, we exploit
differential replication through copying to solve issues related to model interpretability
under different assumptions. Namely, that either the input variables or the model itself are
obfuscated in order to optimize accuracy.
Our primary technical contribution is a twofold solution to the problem of interpreting
credit risk scoring models in this circumstances. On the one hand, we de-obfuscate prepro-
cessed input variables by building copies directly on the raw data attributes. We do so by
copying a whole predictive pipeline. On the other hand, we show how the preprocessing
step can be avoided by training a more complex model and then substituting it with an
interpretable copy that retains a good overall performance. As a result, we deliver credit
scoring models that are compliant with the regulatory demands for understandability.
The remainder of this paper is organized as follows. First, Section 2 presents a
literature survey of related work. In Section 3, we derive the theoretical framework for
copying and describe how copies are built in practice. In Section 4, we discuss differential
replication in the context of non-client credit scoring and present a real-life use case. Our
experimental results are presented in Section 5, where we describe the applicability of
copies in two well-established scenarios. Finally, the paper ends with a summary of our
conclusions and points out directions for future discussion and improvement.
2. Related Work
Failure to keep with loan repayment, otherwise known as credit default, has sig-
nificant cost implications for financial institutions. Credit scoring refers to the area of
knowledge concerned with developing empirical models to support decision making in
the retail credit business. Decisions output by these models have a substantial impact on
people’s life, as they regulate the pricing and availability of mortgages and therefore affects
consumers’ disposable income. Therefore, the use of automatic decision-making systems
for credit scoring by banks has been traditionally subject to great scrutiny by national and
international financial regulators [16–19].
These regulators require, among other specifications, that internal coefficients and
variable importance of credit scoring models be accessible [9] and in line with human
domain knowledge [20,21]. This largely limits the type of models that can be used in
practice in this type of setting. When a financial institution trains a credit risk model,
prediction accuracy is of paramount importance, i.e., companies aim to maximize revenue
through model accuracy. Yet, interpretability is a legal requirement [22]. This constitutes a
conundrum for most companies [21]: it is generally accepted that there exists a complex
trade-off between accuracy and interpretability, whereby maximization of one comes at the
expense of the other. Companies are therefore often faced with the need of having to give
up one for the sake of the other.
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With the aim of overcoming these issues, several works have advocated for the use of
models that ensure interpretability by design while being able to reach a reasonable level
of complexity [23]. In addition, noniterative supervised learning models [24] have also
been shown to provide a fast alternative to both classification and regression models with
increased accuracy. Yet, logistic regression remains the most widely established technique
for ensuring interpretability in the credit risk modeling context [25–28]. Models based on
logistic regression perform reasonably well on default prediction settings, while at the
same time offering the additional advantage of a relative ease of interpretation. Not in vain
do institutions such as FICO train their credit models using this architecture, concretely
mentioning interpretability as one of the main motivations for it [29].
A main drawback of logistic regression models, however, is that they are linear. They
therefore fail to account for nonlinearities in the data. A failure that usually results in
the loss of accuracy. To overcome this limitation, nonlinear effects are usually modeled
during the preprocessing step. During this step, which is prior to model training, domain
knowledge by experts is exploited to obtain a set of highly predictive, artificially generated
attributes that ensure a good predictive performance for the logistic regression model.
This practice is, however, against the idea of intelligibility as described in [30]. Nonlin-
ear attributes generally lack a meaning by themselves; more so in cases where they are
generated as combinations of the raw variables. Therefore, preprocessing often results
in non-decomposable [31] machine learning pipelines that do not comply with the existing
regulation. This problem is different from that of ensuring the use of an interpretable model.
Previous works devoted to explaining how machine learning models work generate local
explanations around a set of predictions [32,33]. To increase model transparency by offering
interpretability at a global scale, those local explanations are integrated using a frame-
work for interpreting predictions known as SHapley Additive exPlanations (SHAP) [34]
based on aggregations of Shapley values [35]. An alternative to SHAP is the permutation
feature importance measure [36]. This measure evaluates the importance of a feature by
calculating the increase in the model’s prediction error after permuting each attribute.
An attribute is considered important when shuffling its values increases the model error.
Even while such explanations may faithfully represent the functioning of a model locally,
note that they are based on non-interpretable data attributes and hence often fail to meet
regulatory requirements.
To circumvent this issue, one might use more complex models, such as deep artificial
neural networks [37], that capture the nonlinearities in the data [38]. More so, because in
credit scoring problems, models needs to deal with imbalanced data sets [39,40] as the
number of defaulting loans in a financial institution portfolio is much lower than non-
defaulted [41] or issued [42] ones. However, this approach results in machine learning
solutions whose internals cannot be inspected. The problem of balancing accuracy and
interpretability in credit risk scoring therefore remains unsolved. In this article, we propose
differential replication through copying as a way around this compromise.
3. Adapting Models to the Demands of Their Environment
Differential replication is a particular case of model adaptation to changes in its
environment. The use of copies for this purpose is further particularization of this problem
to a concrete use case. In what follows, we introduce the notion of adaptation and describe
differential replication as a technique to adapt models to changing conditions. We begin
by explaining the differences between this approach and other techniques existing in
the literature.
3.1. Environmental Adaptation and Differential Replication
The idea of adaptation is present in different areas of the machine learning literature.
In its simplest form, adaptation refers to how data practitioners put theoretical proposals
to practice in their everyday life [43–45]. Other forms of adaptation are related to situations
where the underlying data distribution changes resulting in a concept drift [46]. In general,
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this happens in the presence of data streams [47]. Traditional batch learners are incapable
of adapting to such drifts. Instead, online learning algorithms can iteratively update their
knowledge according to changes in the data [48].
A discipline that studies changes in data distribution is transfer learning. In particular,
it focuses on cases where learning a given task can be improved through the transfer of
knowledge acquired when learning a related task [49–51]. In certain transfer learning
problems, the change of task is accompanied by a change in the domain, so that data
labeled in a single [52] or multiple [53] source domains are leveraged to learn a classifier on
unseen data in another domain. This is the case of domain adaptation [52,53], which deals
with learning knowledge representations for one domain such that they can be transferred
to another related target domain.
In all these cases, the defined hypothesis space remains valid; this is, it still encom-
passes a set of acceptable solutions for the considered problem. Yet, the original solution
needs to be adapted to the new domain or task. There are situations, however, where the
existing solution is rendered obsolete or where the new feasible set does not overlap with
the defined hypothesis space. These are situations where it is not the data distributions or
the problem domain that change, but a model’s environment itself. As defined in [14], a ma-
chine learning model’s environment comprises all the elements that interact with the model
throughout its lifespan, including the data and their different sources, the deployment
infrastructure, the governance protocol, or the regulatory framework. This environment
can be mathematically formalized as a set of constraints on the hypothesis space. Changes
to this environment, therefore involves the appearance of new such constraints. Say that
one of the original input attributes is no longer available, that a deployed black-box so-
lution is required to be interpretable or that updated software licenses require moving
our current machine learning system to a new production environment. These changes
generally require the definition of a new model in a different hypothesis space. It is these
situations that the environmental adaptation is concerned with [14].
There exist different ways in which to tackle the environmental adaptation problem.
In this paper, we are interested in differential replication, which enables model survival in
changing environments by building on the knowledge acquired by previously trained
generations of models.
3.2. Methodologies for Differential Replication
The idea of differential replication is based on the biological process of DNA repli-
cation, whereby replicas of the same genome are subsequently modified by introducing
small changes that ensure a better adaptation to the environment. Following the genetic
simile, differential replication refers to the process of changing the genotype (internals of
the machine learning model) while retaining the interesting phenotype features (decision
boundary) and adding some new ones (introduced by the engineered difference to be
boosted or added). When it comes to machine learning systems, this process amounts to
creating a new model of a potentially different family (genotype) that retains the same
decision behavior (original phenotype) of a given solution, while displaying additional
features not present in the original classifier (engineered phenotype traits).
Consider two different model hypothesis spaces—HA andHB—and two classifiers,
fA and fB , belonging toHA andHB, respectively. In general, while fA and fB may display
the same decision behavior, i.e., classify all points equally, their architecture is not the same.
Say, for example, that fA belongs to the family of logistic regression models, while fB is a
decision tree. In this case, while both models may converge to the same solution, they are
expressed in different ways. The fact that different models can display the same or a close
decision behavior is what enables differential replication. The decision function learned by
a model can be replicated by another, which may display additional features not present in
the original classifier and which can therefore be better suited to meet the instantaneous
demands of the environment.
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Differential replication can be attained in many different ways. The different tech-
niques differ from each other in the amount of knowledge that is assumed about the initial
data and model. In all cases, the different techniques assume some form of inheritance
from the existing model that allows the acquired knowledge to be transferred. In the
simplest form, inheritance can be attained by sharing the same training data, i.e., by re-
training the models [54]. Alternatively, model wrappers can also be used to envelope
the existing solutions with an additional learnable layer that enables adaptation [55,56].
Other inheritance methods include data editing [57–59] or data enrichment. In particular,
mechanisms like distillation [60–63], label regularization [64,65], or label refinery [66] have
been successfully employed.
All these inheritance techniques require some form of access to the source model’s
internals and are performed under the assumption of full knowledge of the training data.
There exists situations, however, where this assumption does not hold. In this paper, we
study one of such situations, where we assume no knowledge about the original model,
its internals, or its training data. Under such circumstances, we can ensure differential
replication through copying. This is the most general form of differential replication and
can be performed in absence of any previous knowledge, other than the original model’s
prediction outputs over a set of artificially generated data points. In what follows, we
provide a brief overview of the copying process. A formal treatment of this process, as well
as a display of its applications can be found in [15].
3.3. Background on the Copying Process
Given a set of training data points D = {(xi, ti)}Mi=1, for M the number of samples, we
define a classifier as a function fO : X → T from the sample space X to the label space T .
We restrict to classification of real-valued attributes, so that X = Rd and T = Zk for k the
number of classes. We define a copy as a new classifier fC(θ), parameterized by θ, such
that its decision function mimics fO all over the space. Building a copy, amounts to finding
the optimal parameter values θ∗, such that θ∗ = arg maxθ P(θ| fO).
However, in the most general case, we cannot assume access to the original training
data D . This data may be lost, unknown, or just not accessible. Whatever the reason,
because the training data D is unknown we cannot resort to it, nor can we estimate its
distribution. To find θ∗, we need to explore the sample space by other means to gain
information about the specific form of fO . Therefore, we introduce synthetic data points
zj ∼ PZ, zj ∈ X such that





for an arbitrary generating probability distribution PZ, from which the synthetic samples
are independently drawn. We assume an exponential family form for all probability
distributions and rewrite (1) as




γ1`1( fC(z, θ), fO(z))dPZ + γ2`2(θ, θ+)
]
, (2)
for `1 and `2 a measure of the disagreement between the two models, and θ+ our prior
knowledge of θ.
This optimization problem is always separable and, given enough capacity, zero
training error is always achievable without hindering the generalization performance of
the copy. In this context, we argue that ad hoc techniques can be used to better exploit
these properties when building a copy [15]. In particular, assuming a sufficiently large set
of synthetic data points is obtained, we can train the copies with no regard for overfitting.
On the contrary, we may want to force the copy to overfit to the synthetic data, to ensure a
good fit of the copy decision boundary.
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In practice, we cannot generate infinite synthetic samples. Therefore, direct computa-
tion of (2) is not possible. Instead, we refer to the regularized empirical risk minimization
framework [67] and approximate the expression above as








γ1`1( fC(zj, θ), fO(zj)) + γ2`2(θ, θ+)
]
(3)
where Z = {zj}Nj=1, zj ∼ PZ. We label this set according to the class prediction outputs
of fO and define the synthetic dataset Z = {(zj, fO(zj))}Nj=1.
The expression above corresponds to a dual optimization problem, where we simulta-
neously optimize the parameters θ and the set Z. In the simplest approach, we cast this
problem into one where we use a single iteration of an alternating projection optimization
scheme: the single-pass copy.
3.4. Approximating the Copying Process with the Simplified Single-Pass Copy
Copying involves the joint optimization of the synthetic data points Z and the param-
eters θ of the copying model through Equation (3). This joint optimization is a complex
process that requires the copy hypothesis space [15] to display certain features. In the
simplest case, we can approximate this problem through a single iteration of an alternating
optimization scheme by splitting the dual optimization into two independent sub-problems.
We first find the set of synthetic points Z∗ and then optimize the copy parameters θ∗ ac-
cordingly. Figure 1 shows an example of this, where the original training data points
are fed to a neural network. A synthetic dataset is generated by sampling the attribute
domain uniformly at random and labeling the samples according to the predictions of the
neural net. The resulting dataset is then used to build a copy decision tree that yields a
performance very similar to that of the original net. Formally, the single-pass methodology
can be written as shown in Algorithm 1. The algorithm follows three main steps.
(a) (b) (c) (d)
Figure 1. (a) Binary classification dataset, (b) decision function learned by an artificial neural network, (c) synthetic data
points sampled uniformly at random from the original feature space and labeled according to the predictions of the neural
net, and (d) decision function of a decision tree-based copy.
• Step 1: Synthetic sample generation. This step of the process accounts for finding the
optimal set of data points for the copy. Because we approximate this step with a single
iteration of an alternating scheme, it suffices to draw samples from a distribution
PZ that represents the coverage properties of the space where we want to build the
copy with confidence (For high-dimensional synthetic samples, we can simply use
PZ = N(0, I)).
Z∗ = {zj}Nj=1, zj ∼ PZ.
• Step 2: Label the synthetic set of samples. The optimal set Z∗ is labeled according
to the class prediction outputs of fO . This defines the synthetic dataset,
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Z = {(zj, fO(zj))}Nj=1
• Step 3: Finding the optimized model. Given a synthetic set Z , this step finds the
value of the parameters of the copy model θ∗ using regularized empirical risk keeping
Z∗ constant, as follows:








γ1`1( fC(zj, θ), fO(zj)) + γ2`2(θ, θ+)
]
Algorithm 1: Simplified single-pass copy.
Input: fO , fC(θ)
Output: θ∗
1 Draw N samples:
Z∗ = {zj}Nj=1, zj ∼ PZ
2 Label Z∗:
Z = {(zj, fO(zj))}Nj=1
3 with (zi, yi) ∈ Z :







γ1`1( fC(zj, θ), yj)
By means of this process, differential replication can be achieved. The example in
Figure 1 shows one of the main characteristics of differential replication through copying.
As the model and copy need not belong to the same family, the copying process can be
exploited to endow the original model with new features and characteristics. In particular,
one could, as above, replicate the decision behavior of a black-box classifier using a copy
that is self-explanatory. Alternatively, copies can be used to evolve from batch to online
learning settings [68]. This extends a model’s lifespan as it enables adaptation to data
drifts or performance deviations. Equivalently, in cases where new class labels appear
during a model’s deployment in the wild, copies can be used to evolve from binary to
multiclass classification settings [69]. Besides, copies have also been shown to mitigate the
bias learned by models based on sensitive information [70]. In what follows, we describe
how machine learning copies can be applied in highly regulated environments, such as
that of credit scoring, where the regulatory framework requires, among other things, that
models be interpretable.
4. Use Case
Residential mortgages, being one of the most common types of lending [71], constitute
a major source of risk for any bank; more so when loan applicants are non-clients. In such
cases, there exists no previous active contract between the bank and the borrower at the
time of loan application. As a result, when deciding whether to grant or deny a loan,
the bank lacks any previous data records and needs to rely on data mostly declared by the
applicants themselves. A situation which greatly increases the risks associated with this
type of money lending.
In this article, we study non-client mortgage loan default prediction. In particular, we
discuss how models designed for this purpose can be adapted to ensure compliance with
the existing regulatory framework. We explore two different scenarios where such credit
scoring models could be delivered. In both cases, we study the shortcomings of an initial
solution from a regulatory perspective and discuss approaches to deliver interpretable
machine learning solutions that yield a good prediction performance for this problem,
while complying with regulatory requirements. In Scenario 1, we use copies to ensure
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the attributes of a preprocessed risk scoring logistic regression model remain intelligible.
In Scenario 2, we avoid the preprocessing step by exploiting a more complex, high capacity
model and then copying it with a simpler one whose understandability we can control.
In both cases, we ensure a good predictive performance is retained during the copying
process. In what follows we briefly describe both approaches.
4.1. Scenario 1: De-Obfuscation of the Attribute Preprocessing
In the first scenario, we assume a standard risk modeling production pipeline. We
preprocess the original dataset to train a logistic regression on a reduced set of highly
predictive attributes. In a real setting, in order to find a valid set of predictive variables,
a qualified risk analyst would have to conduct a tedious process of trial and error. This
incurs large economical costs and a delayed time-to-market delivery. The whole process
can take up to six months. Even worse, this preprocessing largely reduces interpretability of
the learned model, as the new variables often reflect complex relations among the original
data attributes that cannot be easily explained. Indeed, while the logistic regression itself
may be linear, the relations encoded by the preprocessed variables are nonlinear, to ensure
that the final model can capture complex patterns in the data. As a result, the proposed
solution may fail to meet the requirements imposed by the financial regulator.
To overcome this issue, we propose a solution based on copying the whole predictive
system using a decision tree classifier, as shown in Figure 2. We substitute the original
pipeline with a nonlinear model that is directly applied on the raw input features and which
outputs the prediction labels learned by the original logistic model. As a result, we obtain
explanations directly on the original data attributes, which are more easily understandable.
Figure 2. Diagram for Scenario 1, where we copy the whole predictive system, composed by both the preprocessing step
and the logistic regression classifier, and obtain a new classifier applied directly on the decomposable raw data attributes.
4.2. Scenario 2: Regulatory Compliant High Performance Copies
In the second scenario, we propose an alternative approach to the same problem
by completely avoiding the preprocessing step. We exploit a more complex model with
a higher learning capacity and then copy it with a simpler algorithm that enables the
resulting copy to be interpretable under certain assumptions. A diagram of this process is
shown in Figure 3. We use the whole set of raw attributes to train a gradient-boosted tree.
Because of the boosting step, the resulting model is not easily interpretable. Therefore, we
copy it using a standard decision tree that retains most of the obtained prediction accuracy,
while remaining understandable and hence complying with regulatory requirements.
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Figure 3. Diagram for Scenario 2, where we remove the preprocessing step and instead train a higher performance
tree model on the original data attributes. We then copy this classifier by means of a self-explanatory model to extract
global explanations.
5. Experiments
In this section, we describe our experiments for the two different use case scenarios
proposed. We begin by discussing the experimental setup, including dataset preprocessing
and original model training, and then move on to discuss the synthetic sample generation
process in order to build copies that satisfy the identified needs.
5.1. Dataset
We use a private dataset of non-client loan applications recorded by BBVA during
2015 all over Mexico. At the time of loan application, all individuals in this dataset were
considered by the bank to be creditworthy and therefore granted a mortgage loan. However,
only 1025 of them paid it off, which corresponds to a percentage of defaulted loans of 23%.
The average percentage of defaults in the Mexican mortgage market for the first, second,
third, and fourth quarters during the years 2015, 2016, and 2017 was 2.7% [72].
The complete dataset consists of the 18 attributes listed in Table 1 for 1.328 non-client
applicants. The data include information about loan characteristics, including the total
amount and the duration, together with socio-demographic and financial information
about the applicants. The attributes include both data declared by the applicants at the
time of loan application and supplementary information collected by the bank. When it
comes to each applicant’s income, for example, the dataset includes three different values.
The est_income include the income declared by applicant. The est_soc_income refers to the
income estimation made by the bank in terms of each applicant’s socio-demographic profile.
Finally, the est_mila_income consists of the salary estimated by the Mexican Treasury Min-
istry for each individual in the dataset. In addition to these, economy_level is a categorical
variable internally computed at the bank to classify clients depending on their level of
income. It consists of 7 different levels. Most individuals in the dataset are assigned to the
lower economy level, which corresponds to a low to average income, and only a very small
amount being assigned to the highest levels.
Due to proprietary reasons, the original dataset cannot be made public. A reconstruc-
tion of this dataset that recovers the mean, standard deviation, covariance, and correlations,
as well as the label distribution can be found in [4].
5.2. Experimental Settings
Due to the sensitive nature of bank data, we anonymize all the records using randomly
generated IDs. We convert all nominal attributes to numerical and re-scale all attributes to
the [0, 1] range. We perform a stratified split to obtain training and test sets with relative
sizes of 0.8 and 0.2, respectively, and train the original models directly on these data.
As explained before, we suggest two different approaches to deliver interpretable
machine learning solutions that yield a good prediction performance for this dataset
while complying with regulatory requirements. In Scenario 1, we use copies to ensure
the attributes of a risk scoring model remain intelligible. In Scenario 2, we avoid the
preprocessing step by exploiting a higher learning capacity model and then copying it with
a simpler yet interpretable one.
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Table 1. Complete set of attributes.
Attribute Description
indebtedness Level of indebtedness
credit_amount Amount of credit
property_value Property value
loan_to_value Loan to value
duration Duration of the loan
studies Level of studies
poverty_index Marginalization/poverty index
age Age
est_soc_income Estimated socio-demographic income
value_m2 Value per square meter
est_income Estimated income
installment Monthly installment
n_family_unit Members of the family unit
est_mila_income Estimated income based on MILA model
p_default Percentage of defaulted contracts in the last 4 monthsfrom those signed during the previous 12 to 24 months
zip_code ZIP code
municipality Municipality
economy_level Level of economy
In both cases, we create synthetic datasets by drawing random samples from a uniform
distribution defined over the given attribute domain. We label these samples according to
the predictions output by the classifiers trained on the original data. In the case of Scenario
1, we sample synthetic data points directly in the original attribute domain and label them
using both the preprocessing module and the trained logistic regression model. In both
scenarios, we build synthetic sets comprised of N = 1× 106 samples and use these data to
train copies based on decision tree.
We train all models using scikit-learn default parameters. For the case of the logistic
regression model trained in scenario 1, we use L2 penalty, a tolerance of 10−4 and the
limited-memory BFGS solver. Following the discussion in Section 3, we enforce no capacity
control on the copies and use misclassification error as the criterion for splitting when
building the copy decision trees.
5.3. Validation and Discussion of Results
We evaluate copies using copy accuracy. This value corresponds to the accuracy of the
copy in the original test data [15]. For validation purposes, we also generate an additional
test set composed of N = 1× 106 synthetic samples and report metrics on this set. We use
the performance on this second set as a safety check, to ensure that copies replicate the
original models’ decision behavior even in face of previously unseen data. In all cases, we
report results averaged over independent 100 runs.
In the first scenario, we manually craft the four variables shown in Table 2. These
variables are based on combinations among the raw features. We use these four artificially
crafted attributes together with age and economy_level to train a logistic regression model.
The whole predictive system is composed of both the preprocessing step and the logistic
model. The final model, trained on the reduced set of predictive attributes, yields an
accuracy of 0.77 with precision of 0.68 and recall of 0.64. These results are in line with our
expected outcomes, considering that our setting deals with non-client data and therefore
many attributes in the dataset are not backed by objective evidence and have been instead
estimated or declared by the applicants themselves. Additionally, precision and recall
suggest that the original classifier does not display any pathology.
The distribution of copy accuracy results for the decision tree classifiers in this scenario
is shown in Figure 4a. This plot shows the variance of results for copy decision trees built
on different sets of synthetic data points. In all cases, metrics are measured over the original
test data points. The mean copy accuracy over all runs is 0.71± 0.04 with mean precision of
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0.62 and recall of 0.56. This corresponds to a loss of accuracy of 0.6 points over the original
logistic pipeline. This loss is also displayed in the precision and recall scores. Observe that
the copy distributes the loss among both.
Table 2. Reduced set of highly predictive attributes.
Attribute Description
zip_code_municipality Bivariate attribute resulting from the concatenation offeatures zip_code and municipality
est_soc_income/est_mila_income Univariate attribute resulting from the ratio betweenfeatures est_soc_income and est_mila_income
property_value/installment Univariate attribute resulting from the ratio betweenfeatures property_value and installment
indebtedness/loan_to_value Univariate attribute resulting from the ratio betweenfeatures indebtedness and loan_to_value
While this loss may seem substantial, note that the results reported here correspond to
reduced synthetic datasets composed of 106 samples. Moreover, these samples have been
generated assuming a uniform probability distribution throughout the attribute domain.
Using more sophisticated sampling techniques may ensure a better representation of the
original decision boundary in the synthetic data and hence yield better accuracy results [73].
Note, however, that as they stand our results show that it is possible to copy the
original prediction pipeline to a reasonable level of fidelity. Moreover, as a result of this
process we can provide new explanations based on the original raw data attributes and
thus maintain the decomposability. Further, as we will see for the next scenario, using
decision tree-based copies allows us to control the accuracy–interpretability trade-off by
choosing the desired tree depth when copying.
In Scenario 2, we use all the 18 attributes listed in Table 1 to train a gradient-boosted
tree. This model yields an accuracy of 0.79 with precision of 0.65 and recall of 0.61. These
values are sensibly higher than those obtained by the preprocessed logistic regression in
Scenario 1. This is because the learned decision function can capture nonlinear relationships
among original data attributes. The copy decision trees yield a mean accuracy of 0.739±
0.018 for original test data, with precision of 0.61 and recall of 0.57. Although, these values
may seem low, the fidelity in recovering the original confusion matrix is high. The original
confusion matrix yields the following results: TP = 185, FP = 20, FN = 42, and TN = 19.
The confusion matrix for the copy decision trees averaged over all runs is given by TP =
188, FP = 17, FN = 48, and TN = 13. The corresponding distribution of copy accuracy scores
is displayed in Figure 4b, where we also show the accuracy obtained by a logistic model
directly on the raw attributes, which is equal to 0.72. Besides, in Figure 5 we also show
the feature importances for both the original and the copy models, ranked in terms of the
latter. Even while punctual differences can be observed in the importance scores of certain
variables, both models agree on the most important attributes. Notably, the distribution of
importance scores is more skewed for the copy, meaning that after the copying process,
errors are minimized from a global perspective making it possible to better discriminate
among attributes.
To further validate the copying results, a sensitivity analysis of this scenario is per-
formed. Figure 6 shows the normalized first order coefficients for the different attributes
in the original training set for both the original high capacity model and the decision
tree-based copies. First-order sensitivity indices have been computed according to Sobol
sensitivity analysis with 10,000 samples generated using the Saltelli sampler. Note that,
small differences aside, coefficient values for the copy are reasonably similar to those of
the original model. We attribute these differences to the inability for the copy to exactly
replicate the boundary of the extreme gradient boosted tree.





























Figure 4. Distribution of copy accuracies for scenarios (a) 1 and (b) 2.
Finally, we explore the interpretability-accuracy trade-off in greater detail. While
decision trees are widely considered to be self-explanatory, the level of understandability of
these models is highly dependent on their size. The deeper the trees, the greater the number
of decision cuts, the more intricate they are. Conversely, the shallower the trees, the easier
they are to understand for a non-educated audience. Therefore, we may ensure a higher
level of understandability for the client by building copies based on shallow decision trees.
However, this implies a process of simplification, which may come at the cost of accuracy.
In a business context, like the one at hand, it is important not only that we ensure that
credit models are interpretable, but also that the risk derived from overly simplifying a
given model is properly measured. In this article, we show how copies can be exploited for
this purpose.
In Figure 7, we show the accuracy yielded by copies based on decision trees of
increasing depths. In all cases, we show results averaged over 10 runs. The smallest trees
compact all the information in the original solution into a single layer that captures the most
variability. In this use case, the decision node obtained corresponds to the credit_amount.
This insight is in correspondence with the feature with the highest relevance in the gradient
boosted tree, as shown in Figure 5. As the number of layers increases, so does the amount
of information captured by the copy, which grows richer as more layers are added. Again,
analyzing the most important features in the path of the trees, we observe that the next best
feature is est_soc_income. However, as the depth of the tree increases the differences between
the feature relevance for the original model and the inner decision features selected by the
copy decision trees are more apparent. In this regard, note that the different copy trees are
trained using different synthetic sets. Differences in the samples included in each set can
therefore lead to varying decision paths for the trees. In this sense, the greater the depth,
the higher the variability of the splitting features from tree to tree.
Nevertheless, the deeper the trees, the better they perform. Note that fully grown trees
obtain an average accuracy of 0.739± 0.018 as mentioned before. Equivalently, the more
understandable the trees, the smaller the depth, the higher the loss in accuracy. Therefore,
Figure 7 shows how copies can be used to provide explanations of varying levels of
complexity, while at the same time controlling the associated accuracy loss. These can
be used to provide appropriate explanations to clients in cases where they demand so.
However, also, to provide data scientists or computer engineers with understandable
copies to aid in the process of monitoring a given solution.



























































































































































Figure 5. Feature importances for the original gradient-boosted tree (blue) and the copy decision tree (red).
Figure 6. Comparison of normalized first order coefficients for original (blue) and copy models (red).
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Figure 7. Accuracy for different copy depths.
6. Conclusions
In this paper, we show how differential replication through model-agnostic copies
can be used to tackle the problem of interpretability in credit risk scoring. Copies endow
models with new features not present in original models while retaining their performance.
We briefly sketch the particularities of the optimization process for building a copy and
discuss the reasons why copying departs from standard machine learning assumptions
and practices. Further, we describe how differential replication through copies can be used
in the context of credit scoring models and propose a real use case for non-client mortgage
loan default prediction. Finally, we validate our proposal in two scenarios: deobfuscation of
the feature domain engineering and regulatory-compliant high-performance copy building.
We show that differential replication can be exploited to effectively bridge the trade-off
between accuracy and interpretability by generating copies that display both.
We conclude this paper by identifying open challenges that deserve further attention.
There exist two areas where differential replication through copies could be applied: For
one, in settings where models need to be made available to the public while preserving the
privacy of the original training data, copies could be used to obfuscate the individual data
points. Besides, we would also like to study the applicability of copies for causal inference,
to build actionable counterfactual frameworks.
Author Contributions: Conceptualization, I.U., J.N., and O.P.; methodology, I.U.; validation, J.N.
and O.P.; formal analysis, I.U., J.N., and O.P.; investigation, I.U., J.N., and O.P.; resources, I.U.;
writing—original draft preparation, I.U., J.N., and O.P.; visualization, I.U.; supervision, J.N., and O.P.;
funding acquisition, O.P. and J.N. All authors have read and agreed to the published version of
the manuscript.
Funding: This work has been partially funded by the Spanish project TIN2016-74946-P (MINECO/
FEDER, UE), and by AGAUR of the Generalitat de Catalunya through the Industrial PhD grant
2017-DI-25. We gratefully acknowledge the support of BBVA Data & Analytics for sponsoring the
Industrial PhD.
Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.
Entropy 2021, 23, 407 15 of 17
Data Availability Statement: The data used in this article is available upon request from the authors.
Conflicts of Interest: The authors declare no conflict of interest.
References
1. Smith, J. Machine Learning Systems: Designs that Scale; Manning: New York, NY, USA, 2018.
2. Polyzotis, N.; Roy, S.; Whang, S.E.; Zinkevich, M. Data Management Challenges in Production Machine Learning. In Proceedings
of the 2017 ACM International Conference on Management of Data, Chicago, IL, USA, 14–19 May 2017; Association for Computing
Machinery: New York, NY, USA, 2017; pp. 1723–1726.
3. Sculley, D.; Holt, G.; Golovin, D.; Davydov, E.; Phillips, T.; Ebner, D.; Chaudhary, V.; Young, M.; Crespo, J.F.; Dennison, D. Hidden
Technical Debt in Machine Systems. Adv. Neural Inf. Process. Syst. 2015, 28, 2503–2511.
4. Unceta, I.; Nin, J.; Pujol, O. Risk Mitigation in Algorithmic Accountability: The Role of Machine Learning Copies. PLoS ONE
2020, 15, e0241286. [CrossRef] [PubMed]
5. Fredrikson, M.; Jha, S.; Ristenpart, T. Model Inversion Attacks that Exploit Confidence Information and Basic Countermeasures.
In Proceedings of the 22nd ACM SIGSAC Conference on Computer and Communications Security, Denver, CO, USA, 12–16
October 2015.
6. Shokri, R.; Tech, C.; Stronati, M.; Shmatikov, V. Membership Inference Attacks Against Machine Learning Models. In Proceedings
of the 2017 IEEE Symposium on Security and Privacy (SP), San Jose, CA, USA, 22–26 May 2017; pp. 3–18.
7. Song, C.; Ristenpart, T.; Shmatikov, V. Machine Learning Models that Remember Too Much. In Proceedings of the 2017 ACM
SIGSAC Conference on Computer and Communications Security, Dallas, TX, USA, 30 October–3 November 2017; pp. 587–601.
8. European Union Commission. Legislation; European Union Commission: Brussels, Belgium, 2016.
9. Goodman, B.; Flaxman, S. European Union Regulations on Algorithmic Decision-Making and a Right to Explanation. AI Mag.
2017, 38, 50–57. [CrossRef]
10. Selbst, A.D.; Powles, J. Meaningful Information and the Right to Explanation. Int. Data Priv. Law 2017, 7, 233–242. [CrossRef]
11. Barocas, S.; Selbst, A.D. Big Data’s Disparate Impact. Calif. Law Rev. 2016, 104, 671–732. [CrossRef]
12. Friedman, B.; Nissenbaum, H. Bias in Computer Systems. ACM Trans. Inf. Sys. 1996, 14, 330–347. [CrossRef]
13. Hardt, M. How Big Data Is Unfair. Available online: https://medium.com/@mrtz/how-big-data-is-unfair-9aa544d739de
(accessed on 26 March 2021).
14. Unceta, I.; Nin, J.; Pujol, O. Environmental Adaptation and Differential Replication in Machine Learning. Entropy 2020, 22, 1122.
[CrossRef] [PubMed]
15. Unceta, I.; Nin, J.; Pujol, O. Copying Machine Learning Classifiers. IEEE Access 2020, 8, 160268–160284. doi:10.1109/ACCESS.2020.
3020638. [CrossRef]
16. Executive Office of the President. The National Artificial Intelligence Research and Development Strategic Plan; Technical Report;
National Science and Technology Council: Washington, DC, USA, 2016.
17. Executive Office of the President. Preparing for the Future of Artificial Intelligence; Technical Report; National Science and
Technology Council: Washington, DC, USA, 2016.
18. European Parliament. Civil Law Rules on Robotics-European Parliament Resolution of 16 February 2017 with Recommendations to the
Commission on Civil Law Rules on Robotics (2015/2103(INL)); Technical Report P8TA-PROV(2017)00 51; European Parliament:
Brussels, Belgium, 2017.
19. News, X. China Rolls Out Three-Year Program for AI Growth. Available online: http://english.www.gov.cn/state_council/
ministries/2016/05/23/content_281475355720632.htm (accessed on 26 March 2021).
20. Financial Stability Board. Financial Stability Implications from FinTech Supervisory and Regulatory Issues that Merit Authorities’
Attention; Technical Report; Financial Stability Board: Basel, Switzerland, 2017.
21. Alonso, A.; Carbó, J. Machine Learning in Credit Risk: Measuring the Dilemma between Prediction and Supervisory Cost. Banco
Esp. Work. Pap. 2020. [CrossRef]
22. Bussmann, N.; Giudici, P.; Marinelli, D.; Papenbrock, J. Explainable Machine Learning in Credit Risk Management. Comput. Econ.
2020, 57, 203–216. [CrossRef]
23. Rudin, C. Please Stop Explaining Black Box Models for High-Stakes Decisions. In Proceedings of the 32nd Conference on Neural
Information Processing Systems (NIPS 2018), Workshop on Critiquing and Correcting Trends in Machine Learning, Montreal, QC,
Canada, 8 December 2018.
24. Izonin, I.; Tkachenko, R.; Kryvinska, N.; Tkachenko, P.; Greguš, M. Multiple Linear Regression Based on Coefficients Identification
Using Non-iterative SGTM Neural-like Structure. In Advances in Computational Intelligence; IWANN 2019. Lecture Notes in
Computer Science; Springer: Berlin/Heidelberg, Germany, 2019; Volume 11506, pp. 467–479. doi:10.1007/978-3-030-20521-8_39.
CrossRef]
25. Bücker, M.; Szepannek, G.; Gosiewska, A.; Biecek, P. Transparency, Auditability and eXplainability of Machine Learning Models
in Credit Scoring. arXiv 2020, arXiv:2009.13384.
26. Lessmann, S.; Baesens, B.; Seow, H.V.; Thomas, L.C. Benchmarking state-of-the-art classification algorithms for credit scoring: An
update of research. Eur. J. Oper. Res. 2015, 247, 124–136. [CrossRef]
27. Louzada, F.; Ara, A.; Fernandes, G.B. Classification methods applied to credit scoring: Systematic review and overall comparison.
Surv. Oper. Res. Manag. Sci. 2016, 21, 117–134. [CrossRef]
Entropy 2021, 23, 407 16 of 17
28. Dastile, X.; Celik, T.; Potsane, M. Statistical and machine learning models in credit scoring: A systematic literature survey. Appl.
Soft Comput. 2020, 91, 106263. [CrossRef]
29. Fair Isaac Corporation (FICO). Introduction to Scorecard for FICO Model Builder; Technical Report; FICO: San Jose, CA, USA, 2011.
30. Lou, Y.; Caruana, R.; Gehrke, J. Intelligible Models for Classification and Regression. In Proceedings of the 18th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, Beijing, China, 12–16 August 2012.
31. Lipton, Z.C. The Mythos of Model Interpretability. Workshop Human Interpret in Mach Learn; ACM QEUE 2016; pp. 96–100.
Available online https://queue.acm.org/detail.cfm?id=3241340 (accessed on 26 March 2021).
32. Ribeiro, M.T.; Singh, S.; Guestrin, C. Why Should I Trust You? Explaining the Predictions of Any Classifier. In Proceedings of the
22nd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, San Francisco, CA, USA, 13–17 August
2016; pp. 1135–1144.
33. Ribeiro, M.T.; Singh, S.; Guestrin, C. Anchors: High-Precision Model-Agnostic Explanations. 2018. Available online: https:
//dblp.org/rec/conf/aaai/Ribeiro0G18.html (accessed on 26 March 2021).
34. Lundberg, S.M.; Lee, S.I. A Unified Approach to Interpreting Model Predictions. In Proceedings of the Conference on Neural
Information Processing Systems, Long Beach, CA, USA, 4–9 December 2017; pp. 4765–4774.
35. Shapley, L.S. A value for N-person games. Contrib. Theory Games 1953, 2, 307–317.
36. Fisher, A.; Rudin, C.; Dominici, F. All Models are Wrong, but Many are Useful: Learning a Variable’s Importance by Studying an
Entire Class of Prediction Models Simultaneously. J. Mach. Learn. Res. 2019, 20, 1–81.
37. Mancisidor, R.A.; Kampffmeyer, M.; Aas, K.; Jenssen, R. Deep generative models for reject inference in credit scoring. Knowl.
Based Syst. 2020, 196, 105758. [CrossRef]
38. Ariza-Garzón, M.J.; Arroyo, J.; Caparrini, A.; Segovia-Vargas, M. Explainability of a Machine Learning Granting Scoring Model
in Peer-to-Peer Lending. IEEE Access 2020, 8, 64873–64890. [CrossRef]
39. Brown, I.; Mues, C. An experimental comparison of classification algorithms for imbalanced credit scoring data sets. Expert Syst.
Appl. 2012, 39, 3446–3453. [CrossRef]
40. Tkachenko, R.; Doroshenko, A.; Izonin, I.; Tsymbal, Y.; Havrysh, B. Imbalance Data Classification via Neural-Like Structures of
Geometric Transformations Model: Local and Global Approaches. In Advances in Computer Science for Engineering and Education;
Springer: Berlin/Heidelberg, Germany, 2019; pp. 112–122. [CrossRef]
41. Zhang, L.; Ray, H.; Priestley, J.; Tan, S. A descriptive study of variable discretization and cost-sensitive logistic regression on
imbalanced credit data. J. Appl. Stat. 2020, 47, 568–581. [CrossRef]
42. Menagie, M. A Comparison of Machine Learning Algorithms Using an Insufficient Number of Labeled Observations. Ph.D.
Thesis, Vrije Universiteit, Amsterdam, The Netherlands, 2018.
43. Barocas, S.; Boyd, D. Engaging the Ethics of Data Science in Practice. Commun. ACM 2017, 60, 23–25. [CrossRef]
44. Veale, M.; Binns, R. Fairer Machine Learning in the Real World: Mitigating Discrimination Without Collecting Sensitive Data. Bid
Data Soc. 2017, 4, 1–17. [CrossRef]
45. Kroll, J. The Fallacy of Inscrutability. Philos. Trans. Roya Soc. 2018, 376. [CrossRef] [PubMed]
46. Lu, J.; Liu, A.; Dong, F.; Gu, F.; Gama, J.; Zhang, G. Learning under Concept Drift: A Review. IEEE Trans. Knowl. Data Eng. 2019,
31, 2346–2363. [CrossRef]
47. Loeffel, P. Adaptive machine learning algorithms for data streams subject to concept drifts. In Machine Learning [cs.LG]; Université
Pierre et Marie Curie: Paris, France, 2017.
48. Bottou, L.; Le Cun, Y. Large Scale Online Learning. Adv. Neural Inf. Process. Syst. 2004, 16, 217–234.
49. Pan, S.; Yang, Q. A Survey on Transfer Learning. IEEE Trans. Knowl. Data Eng. 2010, 22, 1345–1359. [CrossRef]
50. Torrey, L.; Shavlik, J. Transfer Learning. In Handbook of Research on Machine Learning Applications and Trends: Algorithms, Methods,
and Techniques; Soria Olivas, E., Martín Guerrero, J., Martinez-Sober, M., Magdalena-Benedito, J., Serrano López, A., Eds.; IGI
Global: Pennsylvania, PA, USA, 2010; pp. 242–264. [CrossRef]
51. Weiss, K.; Khoshgoftaar, T.; Wang, D. A survey of transfer learning. J. Big Data 2016, 3. [CrossRef]
52. Csurka, G. A Comprehensive Survey on Domain Adaptation for Visual Applications. In Domain Adaptation in Computer Vision
Applications; Springer International Publishing: Cham, Switzerland, 2017; pp. 1–35._1. [CrossRef]
53. Li, D.; Yang, Y.; Song, Y.; Hospedales, T. Deeper, Broader and Artier Domain Generalization. In Proceedings of the IEEE
International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 5542–5550.
54. Barque, M.; Martin, S.; Vianin, J.; Genoud, D.; Wannier, D. Improving wind power prediction with retraining machine learning
algorithms. In International Workshop on Big Data and Information Security; IEEE Computer Society: Washington, DC, USA, 2018;
pp. 43–48. [CrossRef]
55. Mena, J.; Brando, A.; Pujol, O.; Vitrià, J. Uncertainty estimation for black-box classification models: A use case for sentiment
analysis. In Pattern Recognition and Image Analysis; IbPRIA 2019. Lecture Notes in Computer Science; Springer: Berlin/Heidelberg,
Germany, 2019; Volume 11867, pp. 29–40. [CrossRef]
56. Mena, J.; Pujol, O.; Vitrià, J. Uncertainty-Based Rejection Wrappers for Black-Box Classifiers. IEEE Access 2020, 8, 101721–101746.
[CrossRef]
57. Bhattacharya, B.; Poulsen, R.; Toussaint, G. Application of Proximity Graphs to Editing Nearest Neighbor Decision Rule. In
International Symposium on Information Theory; IEEE Computer Society: Washington, DC, USA; Santa Monica, CA, USA, 1981.
Entropy 2021, 23, 407 17 of 17
58. Bhattacharya, B.; Mukherjee, K.; Toussaint, G.T. Geometric decision rules for instance-based learning algorithms. In Proceedings
of the First International Conference on Pattern Recognition and Machine Intelligence, Kolkata, India, 20–22 December 2005;
Springer: Berlin/Heidelberg, Germany, 2005; pp. 60–69. [CrossRef]
59. Mukherjee, K. Application of the Gabriel Graph to Instance Based Learning. Master’s Thesis, Simon Fraser University, Burnaby,
BC, Canada, 2004.
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